For North American river otters (Lontra canadensis) in Louisiana, statewide distribution, availability of aquatic habitats, and the absence of physical barriers to dispersal might suggest that they exist as a large, panmictic population. However, the wide variety of habitat types in this region, and the dynamic nature of these habitats over time, could potentially structure river otter populations in accordance with cryptic landscape features. Recently developed landscape genetic models offer a spatially explicit approach that could be useful in identifying potential barriers to the movement of river otters through the dynamic aquatic landscape of Louisiana. We used georeferenced multilocus microsatellite genotypes in spatially implicit (STRUCTURE) and spatially explicit (GENELAND) models to characterize patterns of landscape genetic structure. All models identified 3 subpopulations of river otters in Louisiana, corresponding to Inland, Atchafalaya River, and Mississippi River regions. Variation in breeding seasonality, brought about by variation in prey abundance between inland and coastal populations, may have contributed to genetic differentiation among populations. It is also possible that the genetic discontinuities we observed indicate a correlation between otter distribution and access to freshwater. Regardless of the mechanism, it is likely that any genetic differentiation among subpopulations is exacerbated by relatively poor dispersal.
The North American river otter (Lontra canadensis) historically was found in freshwater riparian and brackish coastal habitats throughout most of North America (Hall 1981; Larivi_ ere and Walton 1998; Melquist et al. 2003) ; however, the species became locally extinct in many areas by the mid-1800s and early 1900s, primarily as a consequence of human-related activities such as overharvest, pollution, and urbanization (Armstrong 1972; Nilsson 1980; Melquist and Dronkert 1987) . Reintroduction programs, initiated in the late 1970s, were extremely successful in restoring extirpated otter populations to their historic range (Ralls 1990; Melquist et al. 2003) . The vast majority of these reintroduction programs used river otters from Louisiana as founding stock (Ralls 1990; Raesly 2001) .
In Louisiana, North American river otters are common throughout the state, with higher abundances occurring along the coast (Ensminger and Linscombe 1980; Chabreck et al. 1985; Shirley et al. 1988) . Their importance as a furbearer species in Louisiana has led to intensive annual harvest of more than 3300 otters per year -2003 Scognamillo 2005) . Beyond basic distribution and harvest information, however, knowledge about the ecology, natural history, population dynamics, and genetic structure of river otters in this region is limited or nonexistent (Lowery 1974; Holcombe 1980; Chabreck et al. 1982 Chabreck et al. , 1985 Edwards 1983; Scognamillo 2005) . This lack of data is surprising, given the extent to which Louisiana river otters have been transplanted throughout North America.
The Louisiana landscape appears to be ideal for promoting river otter movements. Prominent physical barriers known to limit gene flow of otters at a regional scale (e.g., mountain ranges, Serfass et al. 1998 ) are absent.
In addition, the complex network of aquatic habitats throughout Louisiana predicts that river otters might be moving freely throughout the region as one large, panmictic population. However, the manner in which animals use a landscape is determined both by their habitat requirements and social structure; thus, populations may exhibit spatial genetic structure even in the absence of physical barriers (Chesser 1991; Blundell et al. 2002) . Given the wide diversity of aquatic and terrestrial habitats available to otters in Louisiana, and the dynamic nature of these landscapes over time, we instead might expect otter populations to be spatially structured in accordance with cryptic landscape features and/or biological attributes such as social interactions among individual animals and dispersal capabilities.
Our purpose in this research was to utilize genetic information from harvested river otters to investigate competing hypotheses regarding the spatial genetic structure and population connectivity of river otter populations in Louisiana. To achieve this goal, we utilized spatially implicit and spatially explicit models to investigate patterns of landscape genetic structure in North American river otters in Louisiana. From a biological perspective, characterization of genetic structure as it relates to underlying features of the landscape will provide some insight into the ecology of the species and help to identify potential barriers to the movement of river otters through the dynamic aquatic landscapes of Louisiana. Likewise, reintroduction programs are likely to continue using Louisiana populations as source stock, and a more comprehensive picture of the distribution of genetic diversity within the region will serve to guide selection of founders to minimize loss of genetic diversity.
Methods

Sample Collection
We collected tissue samples from 111 North American river otters harvested by professional trappers. Although trapping is permitted throughout the state, samples were made available from 3 areas, 2 of them in coastal Louisiana (mouth of the Mississippi River and Atchafalaya River) and 1 in inland habitats in the area of the intersection between the Mississippi River and the Red River. Carcasses were frozen on harvest, and tissue samples remained frozen until DNA extraction. For each sample, trappers identified their harvest location on a map, and the geographic coordinates of these catch locations were manually entered into an ArcGIS layer (ESRI, v9).
Laboratory Methods
We extracted DNA from tissue samples using either a potassium acetate protocol (Sambrook and Russell 2001) or a modified ammonium acetate protocol (modified from the PUREGENE kit; Gentra Systems, Minneapolis, MN). We assessed the quantity and quality of extracted DNA via electrophoresis through an agarose gel stained with ethidium bromide and diluted each sample to approximately 10 ng/ll in Tris-low-EDTA buffer (10 mM Tris-HCl, 0.1 mM ethylenediaminetetraacetic acid).
We amplified 12 microsatellite loci for each sample, using the primers and reaction conditions outlined in Beheler et al. (2004 Beheler et al. ( , 2005 RIO 02, 06, 07, 08, 11, 12, 13, 14, 15, 16, 17, and 19) . We combined amplified loci into 3 gel sets (Set A: RIO 02, 11, 15, 16; Set B: RIO 07, 12, 13, 19; and Set C: RIO 06, 08, 14, 17) based on locus-specific allele sizes and fluorescent label color (6-FAM, HEX, or NED). We added combined polymerase chain reaction products to ROX 400HD internal lane standard (Applied Biosystems, Foster City, CA) and electrophoresed them through a 5% polyacrylamide gel (Long Ranger Singel Packs; Cambrex, East Rutherford, NJ) on an ABI 377 DNA sequencer. Allele sizes were determined for each locus using GeneScan 3.1 and Genotyper 2.5 software (Applied Biosystems).
To maximize quality within our microsatellite dataset, we developed a known set of alleles for each locus, representing the full range of allele sizes. We combined these into gel sets as above, and ran this allelic standard every 12 lanes to minimize genotyping errors due to electrophoretic variability both within and among gels. Additionally, we reelectrophoresed and/or reamplified all genotypes with low signal intensity (,100 as determined by Genotyper 2.5 software).
Genetic Analyses on the Total Population
We used the software CONVERT (version 1.2; Glaubitz 2004) to facilitate input file preparation for all software used for microsatellite data analysis. We tested for a deficiency of heterozygotes relative to Hardy-Weinberg expectations for each locus and globally using a score test and a Markov chain method for estimating P values (Guo and Thompson 1992 ; parameter values of dememorization 5 10 000, number of batches 5 500, number of iterations per batch 5 5000) in GENEPOP software (version 3.4; Raymond and Rousset 1995) . The number of batches and the number of iterations per batch were increased from default values to minimize standard errors for the P-value estimates (standard error , 0.005). We quantified the level of deviation from Hardy-Weinberg equilibrium by estimating F IT for each locus and globally, using the method of Weir and Cockerham (1984) as implemented in SPAGEDI software (version 1.2; Hardy and Vekemans 2002) and tested for significance using a permutation test (20 000 permutations of genotypes among individuals). Due to the large number of comparisons involved in locus-specific tests for Hardy-Weinberg disequilibrium and locus-specific tests for deviation of F IT estimates from zero, we used a false discovery rate (FDR) method (Benjamini and Yekutieli 2001) to obtain an experiment-wide alpha level (a EW ) prior to assessing significance. FDR methods offer an increase in power and a more stringent control over type II error than the more widely used Bonferroni correction (Moran 2003; Narum 2006) . We chose to use the Benjamini and Yekutieli (2001) modification of the original FDR control method (Benjamini and Hochberg 1995), as it allows for dependence among tests.
Inferring Subpopulations
To infer the number of subpopulations in our sample set and to assign individual samples to these groups, we employed 2 Bayesian clustering techniques. First, we used the popular STRUCTURE software (version 2.1; Pritchard et al. 2000; Falush et al. 2003) because the variety of modeling options available make it well suited to the detection of various patterns of population genetic structure (Evanno et al. 2005; Latch et al. 2006) . Second, we used GENELAND software (version 0.3; Guillot et al. 2005b ), which has been developed to optimize the delineation of subpopulations by incorporating spatial coordinates for each sample into the model. In the STRUCTURE approach, all clustering solutions are equally likely (i.e., the prior for the clustering is uniform), and spatial coordinates only are considered after data processing as a method of visualizing subpopulation membership. Although this makes sense in some situations where geographical barriers do not mimic genetic partitions, it often is true that genetically differentiated populations exist in geographically distinct areas. GENELAND was designed to incorporate spatial coordinates at an earlier stage of model development in order to better define geographical boundaries among populations and allows for uncertainty in spatial coordinates by introducing an additive noise parameter to the coordinates (Guillot et al. 2005a) .
In STRUCTURE, we performed 5 runs at each value of the fixed parameter K (the number of subpopulations), from K 5 1 to K 5 10. Each run consisted of 100 000 replicates of the MCMC after a burn-in of 30 000 replicates. We used the admixture model and allowed the allele frequencies to be correlated among subpopulations. All other parameters were set to default values (Pritchard and Wen 2003) . This configuration, using the admixture model and correlated allele frequencies, is thought to provide the best resolution in the case of potentially subtle population structure (Falush et al. 2003) . The highest average likelihood was used as a point estimate of K. We did observe the phenomenon that once the true K was reached, likelihoods for larger Ks plateaued and the variance among runs increased (Pritchard and Wen 2003) . Thus, we also used a DK measure that has been proposed to alleviate this problem and provide a more robust estimate of K (Evanno et al. 2005 ). Once we had inferred the most likely number of subpopulations, we ran 5 longer runs each (100 000 burnin and 500 000 replicates) at the inferred K, K (inferred) þ 1, and K (inferred) À 1 to verify chain convergence and consistency among runs. To assign individuals to subpopulations, we performed a final run (100 000 burn-in and 500 000 replicates) at the inferred K. Values of q, the proportion of an individual's sampled genome characteristic of each subpopulation, were used to assign individuals to subpopulations. Individuals were unambiguously assigned to a single subpopulation when q values were greater than 0.70. When q values fell within the range 0.25 , q , 0.70, assignments were made to multiple subpopulations.
To infer the number of subpopulations (K) in GENE-LAND, we first varied the number of subpopulations from 1 to 10, using a matrix of genotypes, spatial coordinates for each individual, and 100 000 stored MCMC iterations (500 000 iterations, thinning 5 5). Allele frequencies were drawn from independent Dirichlet distributions (Pritchard et al. 2000) as this model has been shown to perform better than the alternative model (F-model; Guillot et al. 2005a ). We set the maximum rate of the Poisson process to 100, a value close to the number of individuals in our dataset as suggested by Guillot et al. (2005a) . This parameter controls the number of polygons in the geographical area under study, and the value used herein corresponds to strongly fragmented partitions and weak dependence on the spatial organization of populations. In the spatially explicit GENE-LAND model, subpopulations are assumed to be spatially organized through the Poisson-Voronoi tessellation (Dupanloup et al. 2002) ; we set the maximum number of nuclei within this tessellation to 300 (3 Â maximum rate as suggested by Guillot et al. 2005a) .
We ran the GENELAND MCMC 5 times with the level of uncertainty attached to our spatial coordinates set to 10 km, a liberal estimate of the dispersal ability of individual otters in the Gulf coast (Foy 1984) . We also executed GENELAND runs with additive noise parameters of 0 and 100 km, to account for the possibility that inaccurate coordinates were provided. Because trappers are not restricted in where they may trap otters, we did not anticipate errors in spatial coordinates; however, whether errors in the recorded spatial coordinates of individuals exist or not, accounting for uncertainty in the positioning of individuals has been demonstrated to substantially improve precision in the detection of borders and allows individuals with the same spatial coordinates to belong to different populations (Guillot et al. 2005a ). Additionally, we performed 5 runs of the model without spatial coordinates (spatially implicit model) for comparative purposes. We used the mode of the distribution of K as a point estimate of K. The assignment of individuals to subpopulations was performed in a separate run as suggested by Guillot et al. (2005a) . For these runs, K was set to the inferred number of subpopulations and all other parameters were similar to those runs with variable K. Ten runs with fixed K were performed for the spatially explicit model (uncertainty 5 10 000 m), and 10 runs with fixed K were performed for the spatially implicit model. For each of the 20 runs with fixed K, the posterior probability of subpopulation membership was computed for each pixel of the spatial domain (100 Â 100 pixels), using a burn-in of 100 iterations. Individuals with a posterior probability of population membership of greater than 0.70 were unambiguously assigned to the modal subpopulation. Individuals were assigned to multiple subpopulations if the posterior probability of population membership was greater than 0.25 in more than 1 subpopulation.
Bayesian clustering algorithms such as STRUCTURE and GENELAND can infer strict barriers when in fact the zone of contact may be more diffuse (Worley et al. 2004; Evanno et al. 2005; Frantz et al. 2006) . To clarify the nature of these zones of contact, partial and multiple Mantel tests can be used to partition the effects of contemporary microevolutionary processes such as isolation by distance and long-term historical divergence associated with a possible historical barrier to gene flow (Telles and Diniz-Filho 2005) . Thus, for each pair of inferred subpopulations, we generated 3 matrices for analysis: 1) a matrix of Rousset's genetic distance measure between individuals a (Rousset 2000; as calculated in SPAGEDI); 2) a matrix of pairwise Euclidean distances between individuals; and (3) a binary matrix expressing long-term historical divergence, created by allocating a value of zero to pairs of individuals located on the same side of a putative barrier, and a value of 1 to pairs located on different sides of the barrier (i.e., pairwise model matrix; see Manly 1997; Sokal et al. 1997; Telles and Diniz-Filho 2005) . We performed both simple and partial Mantel tests using program ZT (Bonnet and Van de Peer 2002;  with MantelTester GUI frontend) to calculate Pearson's correlation coefficient to measure correlation between the matrices. Significance was assessed using 10 6 randomizations. We also performed multiple Mantel regression (Legendre et al. 1994; Legendre and Legendre 1998) using Permute! (version 3.4; Casgrain 2001) to partition contemporary and historical effects on genetic divergence among subpopulations, according to the method of Telles and Diniz-Filho (2005) .
Population Genetic Analyses of the Inferred Subpopulations
For each of the inferred subpopulations (based on spatially explicit GENELAND results), we tested for a deficiency of heterozygotes and quantified deviations from Hardy-Weinberg equilibrium by estimating F IS as described previously. We controlled for multiple testing using the FDR control method as described previously.
We estimated levels of genetic diversity within each of the inferred subpopulations by calculating observed (H O ) and expected (H E ) heterozygosities, the number of alleles per locus (A), and the number (A U ) and frequency of unique alleles using GDA software (version 1.1; Lewis and Zaykin 2001) . We adjusted the average number of alleles per locus for variation in subpopulation sample size (A R ) with rarefaction in FSTAT software (version 2.9.3; Goudet 1995), to alleviate the sensitivity of allelic diversity estimates to sample size (Hurlbert 1971; Petit et al. 1998) .
We estimated levels of genetic differentiation among the inferred subpopulations by calculating F ST according to the method of Weir and Cockerham (1984) in SPAGEDI software. We tested for significance of the observed F ST values by comparing them to those obtained by 20 000 permutations of individuals among populations.
Results
Genetic Analyses on the Total Population
We obtained complete multilocus genotypes for all 111 river otters sampled. Within the total sample, the number of alleles per locus ranged from 3 (RIO14, RIO17) to 15 (RIO13), with an average of 6.75. Global tests on the total sample indicated a significant deviation from Hardy-Weinberg equilibrium (P , 0.0001), due to disequilibrium at 3 loci (a EW 5 0.0161; P RIO08 5 0.0001; P RIO11 5 0.0154; P RIO19 5 0.0020). We found a significant deficiency of heterozygotes globally (F IT 5 0.0942, P , 0.0001; Table 1 ) and in 3 loci (a EW 5 0.0161; P RIO06 5 0.0134; P RIO08 5 0.0141; P RIO15 5 0.0037).
Inferring Subpopulations
The STRUCTURE analysis indicated that the most likely number of subpopulations in the total sample was 3. The mean estimated logarithm of probability of the data (ln Pr(X|K)) was maximum for K 5 3 (Figure 1a ), and the DK measure yielded a strong peak at K 5 3 (Figure 1b ). The 15 longer runs (5 each at K 5 2, 3, and 4) gave results consistent with those of the comparable shorter runs (data not shown). Individual assignments are summarized in Figure 2a . Most individuals (n 5 99) were unambiguously assigned to 1 of the 3 subpopulations ð q50:903Þ, weakly divided into geographic regions, hereafter referred to as: Inland (n 5 37), Atchafalaya River (n 5 30), and Mississippi River (n 5 32). Twelve individuals were assigned to 2 subpopulations, but no individuals were assigned to all 3 subpopulations.
The GENELAND analysis to infer the number of subpopulations in the total dataset corroborated our STRUCTURE analysis, indicating that the most likely value of K was 3. For all runs to infer K using spatial data (5 runs with 10 000 m uncertainty, 1 run with 0 m uncertainty, and 1 run with 100 000 m uncertainty), the mode of the distribution of K was 3. For the 5 runs performed without spatial coordinates, the mode of the distribution of K was either 4 or 5; however, in all runs there were only 3 subpopulations to which all individuals were assigned. Inferred subpopulations beyond 3 were 'ghost' subpopulations with no individuals assigned to them. This phenomenon has been noted previously (particularly when subpopulations are weakly differentiated) and it is recommended that such subpopulations be ignored (Guillot et al. 2005a (Guillot et al. , 2005b . Individual assignments performed in GENELAND with K fixed to 3 were consistent across each of the 10 runs with and without spatial data (Figure 2b,c) . In the spatially explicit model, GENELAND consistently identified 3 welldefined, geographically distinct subpopulations that generally corresponded to those identified in STRUCTURE: Inland (n 5 47), Atchafalaya River (n 5 28), and Mississippi River (n 5 32; Figure 2b ). Only 4 individuals were ambiguously assigned; 3 individuals were assigned to both the Inland and Atchafalaya River subpopulations and 1 individual within the spatially defined Atchafalaya region was genetically assigned to the Mississippi River subpopulation (Figure 2b ). In the spatially implicit model, the 3 subpopulations were geographically less well defined; however, a general pattern separating Inland (n 5 37), Atchafalaya River (n 5 40), and Mississippi River (n 5 29) subpopulations was observed (Figure 2c ). Five individuals were assigned to 2 subpopulations.
The overall correlation between the physical and genetic distance matrices was 0.13 (P , 0.00001), indicating that the genetic similarity between individual otters decreased as the physical distance between them increased. However, this could be due to the genetic similarity of otters within subpopulations, which also happen to be spatially proximate. To specifically address isolation by distance across our inferred boundaries, we considered each pair of inferred subpopulations separately. Partial Mantel tests revealed the presence of a barrier to gene flow other than geographic distance for the Inland-Atchafalaya River subpopulations (r 5 0.191, P , 0.000001) but not for the Inland-Mississippi River (r 5 À0.032, P 5 0.061) or Atchafalaya River-Mississippi River (r 5 0.029, P 5 0.117). Similar results were obtained using a Mantel test based on a multiple regression design (Table 2) . For the Inland-Atchafalaya River subpopulations, the R T 2 of the full model (by combining geographic distances and the binary model matrix as predictors of genetic distances) was 0.049 (P , 0.0001). Using the equations provided in Telles and Diniz-Filho (2005) , we determined that 8% of the variation in genetic distances that can be explained by geographic processes can be attributed to relationships within groups, due to geographically structured gene flow counteracting genetic drift, as in a contemporary isolation by distance model, whereas 73% can be attributed to long-term historical divergence alone. Although overlap between these 2 processes prevents us from entirely partitioning population divergence between historical and contemporary processes, the relative magnitude of the effects suggests that the Inland and Atchafalaya River subpopulations are genetically structured in accordance with a historical barrier to gene flow, rather than contemporary isolation by distance (Table  2) . We used the same analyses and reasoning to identify the opposite pattern in the Atchafalaya River-Mississippi River comparison; that spatial patterns in genetic distances across these pairs of subpopulations are better explained by contemporary isolation by distance relationships among individuals than by historical divergence (Table 2) . Although the Inland-Mississippi River subpopulations also showed an overall pattern consistent with isolation by distance as the primary effect, a large overlap term made straightforward interpretation more difficult for this comparison (Table 2) .
Population Genetic Analyses of the Inferred Subpopulations
Despite the overall pattern of isolation by distance, we observed relatively consistent patterns of genetic clustering across the 3 models (STRUCTURE, spatially implicit GENELAND, and spatially explicit GENELAND). However, subpopulation boundaries were more clearly delineated in the spatially explicit model than in either of the spatially implicit models. Thus, we decided to use the individual assignments generated by the spatially explicit GENE-LAND model to define subpopulation membership for subsequent genetic analyses.
The Atchafalaya subpopulation exhibited a significant deviation from Hardy-Weinberg equilibrium (a EW 5 0.0273, P , 0.0001) due to disequilibrium at 2 loci (a EW 5 0.0161, P RIO08 5 0.0080, P RIO13 5 0.0134). Conversely, we observed no deviation from Hardy-Weinberg equilibrium in the Inland or Mississippi subpopulations (P Inland 5 0.0369, P Mississippi 5 0.0742). We found a significant deficiency Circles indicate unique samples, and multiple samples with identical spatial coordinates are clustered. Samples are grouped into 1 of 3 color-coded groups (white, black, gray). Ambiguous assignments are coded using half-circles (or dotted circles) to indicate the 2 (or 3) subpopulations to which the individual was assigned. Tessellations provided for the spatially explicit GENELAND analysis indicate the probability that a sample belongs to a particular group and range from low (dark color) to high (light color). of heterozygotes only in the Atchafalaya subpopulation (F IS 5 0.1350, P , 0.0001; Table 1 ). This deficiency was evident in almost all loci, so it may indicate additional cryptic subdivision within the Atchafalaya River subpopulation. We did run the Atchafalaya subpopulation through STRUC-TURE to detect any additional subdivision; however, we did not detect any subdivision, which could be due to a lack of power at this scale.
Similar levels of genetic diversity were observed within each of the 3 subpopulations (Table 1) . Observed heterozygosities ranged from 0.539 in the Atchafalaya River subpopulation to 0.625 in the Mississippi River subpopulation. The Inland subpopulation contained slightly more alleles per locus on average than did the Atchafalaya and Mississippi River subpopulations, a pattern that was retained when we adjusted for variation in subpopulation sample sizes (Table 1) . This pattern reflected the large number of unique alleles in the Inland subpopulation (n 5 8) relative to the Atchafalaya River (n 5 3) and Mississippi River (n 5 2) subpopulations. Most of the unique alleles detected were at low frequency, and while it is possible that many could be the result of small sample sizes, 1 allele (allele 214 at the RIO08 locus in the Atchafalaya River subpopulation) was observed at a frequency of 21%, more than twice as frequent as any other unique allele.
Genetic differentiation among populations was small but highly significant (F ST 5 0.0429; P , 0.0001). Pairwise F ST estimates among subpopulations all were significant (Inland-Atchafalaya river 5 0.0370, P , 0.0001; Inland-Mississippi River 5 0.0421, P , 0.0001; and Atchafalaya River-Mississippi River 5 0.0524, P , 0.0001).
Discussion
Our data do not support the hypothesis that the North American river otter population in Louisiana exists as a single, panmictic population. When we considered the entire sample of otters from Louisiana, we detected a significant deviation from random mating, indicating that otters were not distributed in a random fashion and were instead associated in genetically defined subpopulations. All Bayesian clustering methods (STRUCTURE, spatially implicit GENELAND, and spatially explicit GENELAND) divided river otters in Louisiana into 3 subpopulations. However, each method differed slightly in the exact location of subpopulation boundaries and in the assignment of individual river otters to subpopulations.
Spatially implicit models often assigned individual otters to multiple subpopulations. Ambiguous assignments of otters in the spatially implicit models likely resulted from a combination of similar allele frequency distributions among subpopulations (caused by recent isolation or contemporary gene flow) and a corresponding lack of power to differentiate among subpopulations in these models (Latch et al. 2006) . As allele frequency distributions between 2 populations increase in similarity, it has been demonstrated that spatially implicit models are increasingly unable to correctly identify the number of subpopulations in a dataset or to unambiguously assign individuals to populations (Evanno et al. 2005; Latch et al. 2006) . The levels of genetic differentiation we observed among the inferred subpopulations approached the level at which spatially implicit models like STRUCTURE are still able to correctly identify the number of subpopulations but may have a relatively high rate of ambiguous or incorrect assignments of individuals to these subpopulations (Latch et al. 2006 ).
By including geographic information into the spatially explicit GENELAND model, genetic discontinuities in the dataset were clearly identified as barriers to gene flow between subpopulations. However, inferred boundaries between subpopulations should be interpreted with caution. Locations where river otters were sampled were somewhat geographically disjunct, and it is possible that this resulted in inefficient inference of genetic discontinuities (Manel et al. 2003) . To help alleviate this potential problem, we employed conservative priors, including a high lambda value (indicating weak spatial organization) and a liberal additive noise to the spatial coordinates, resulting in a relatively weak dependence on spatial data. Even so, genetic discontinuities may still be open to interpretation, particularly when boundaries are inferred along a continuum of genetic types, as in situations where populations are connected by contemporary processes such as isolation by distance.
Further investigation of the inferred boundaries between subpopulations revealed that both contemporary and Table 2 . Results of multiple Mantel regressions using long-term historical divergence between subpopulations and IBD as predictors of genetic divergence between subpopulation pairs of North American river otters in Louisiana. The variation in genetic distance explained by both geographic effects (a þ b þ c) is equal to the R T 2 of a multiple Mantel test using both effects as predictors (1 À R T 2 5 unexplained variation (d)). The R I 2 of the regression using IBD alone (geographic distance matrix) gives (a þ b), and the R H 2 of the regression using history alone (binary model matrix) gives (b þ c). The overlap between historical and contemporary predictors is equal to (a þ b) þ (b þ c) -(a þ b þ c). a, b, and c are given as proportion of the total variation and as the percentage of explained variation. Equations follow Telles and Diniz-Filho (2005) historical processes influence the genetic structure of river otters across Louisiana. At the Inland-Atchafalaya River boundary, results from both partial Mantel and multiple regression analyses suggest that long-term historical divergence may be a more powerful explanation for genetic divergence than contemporary processes such as isolation by distance. At the Atchafalaya River-Mississippi River boundary, the inferred genetic discontinuity could not be unequivocally associated with a long-term barrier to gene flow. Isolation by distance, due to a contemporary balance between local genetic drift and geographically mediated gene flow, was the primary force shaping patterns of genetic divergence between the Atchafalaya River and Mississippi River subpopulations. At the Inland-Mississippi River boundary, partial Mantel tests suggested isolation by distance, but the large overlap term in the multiple regression analysis makes interpretation less obvious. Nevertheless, contemporary gene flow seems to be playing a large role in genetic structure between the Inland and Mississippi River subpopulations. Within the inferred subpopulations, conformation of the Inland and Mississippi River subpopulations to Hardy-Weinberg expectations suggests that these subpopulations have been appropriately defined. While it is possible that the deviation from random mating observed in the Atchafayala River subpopulation indicates the presence of additional cryptic subdivision within this sample, the diffuse sampling effort in this subpopulation may have prohibited us from detecting it. Levels of genetic diversity within the Louisiana otter subpopulations are relatively high and similar to those found in other populations of otters across North America (Fike 2005) . One interesting observation is the high frequency unique allele found throughout the Atchafalaya River subpopulation. Although we cannot unambiguously identify the origin of this unique allele, it is likely that isolation and subsequent genetic drift are responsible for the presence of this allele at high frequency in the Atchafalaya River subpopulation. Alternatively, perhaps otters in this region are connected to unsampled populations to the west that contain this allele at high frequency.
No obvious physical barriers exist to restrict gene flow between the coastal and inland populations of river otters in Louisiana, yet these 2 groups remain distinct. Our data indicate a historical boundary to gene flow between the Inland and Atchafalaya River subpopulations, yet no obvious landscape-level barriers are present. The Inland population also is diverged from the Mississippi River subpopulation, although the large amount of overlap variance does not allow for a definitive conclusion regarding the scale of this divergence (historical vs. contemporary). Genetic differentiation between coastal and inland populations of North American river otters in the absence of physical barriers has been documented in Alaska and was attributed to sex-biased dispersal (Blundell et al. 2002) . Although available data do not allow us to evaluate this hypothesis, it is feasible that similar dispersal patterns could be shaping the genetic structure in Louisiana.
Coastal and inland habitats in Louisiana differ rather dramatically, and river otters may be utilizing their respective habitats in fundamentally different ways. Social organization of North American river otters (both in terms of degree of sociality and group composition) varies widely both among and within habitats (Melquist and Hornocker 1983; Erickson and McCullough 1987; Reid et al. 1994; Blundell et al. 2002) , and although data are absent regarding the social organization of river otters in Louisiana in either coastal or inland habitats, it is reasonable to hypothesize that river otter social organization may differ between these aquatic landscapes.
In Louisiana, coastal and inland otter populations have different diet composition; and although both rely on fish as their main prey, blue crab (which peaks in late fall) is the second most important item found in the diet of coastal otters, whereas crayfish (which peaks in early winter) is the second most important for inland otters (Chabreck et al. 1982 ; Mouton E, Louisiana Department of Wildlife and Fisheries, personal communication). Thus, it is possible that prey availability could be contributing to a difference in breeding seasonality between coastal otter populations and upland otter populations. Such shifts have been observed for the European otter (Rui Beja 1996) and the North American river otter in Montana (Crait et al. 2006 ).
Regardless of the mechanism, it is likely that the isolated distribution of coastal otters may be exacerbated by relatively poor dispersal, which has been documented for otters along the Gulf coast (Foy 1984) . Contrary to what has been observed in Idaho (32km; Melquist and Hornocker 1983) and Alaska (more than 60 km; Blundell et al. 2002 ), a study of river otters inhabiting coastal marshes in East Texas suggests that otters in the Gulf coast may disperse no more than a few kilometers (7 km; Foy 1984). Thus, it can be hypothesized that the isolation by distance pattern of gene flow observed between the Atchafalaya and Mississippi populations could at least in part be the result of isolation caused by the dependency of coastal otters on sources of freshwater combined with poor dispersal among isolated subpopulations.
It is clear that North American river otters do not utilize Louisiana's landscape uniformly and that contrasting dynamics in social organization and habitat utilization of others between coastal and inland aquatic habitats could be playing an important role in structuring otter populations in Louisiana. This has significant implications for conservation and management of the species within Louisiana, where we can now use this information to set management regulations to retain the distinct genetic diversity present in each subpopulation. On a larger scale, the implications of these data are particularly relevant because nearly all extant populations of North American river otter have been established using at least some otters from Louisiana. We do not know whether, and to what extent, coastal or inland subpopulations have been used as founding populations in the past, and certainly this could significantly affect the viability of reestablished populations throughout North America. Our findings can help guide selection of founding
